This paper presents a fully automated technique for the rigid body registration of clinically acquired MR and CT images of the head. We describe our multiresolution approach to the optimisation of voxel similarity measures and evaluate the performance of a number of measures when presented with clinical images with a small overlapping volume. Results are compared with those derived from manual registration by identification of corresponding point landmarks. We show that by limiting the measures to intra-cranial regions of the images, not containing deformable skin surface features, a greater accuracy may be provided for certain types of truncated image.
Introduction
It is common for patients to be imaged with more than one tomographic radiological imaging modality for the purposes of diagnosis or treatment planning. These three dimensional modalities provide complementary information about pathology, and associated normal anatomy. Variations in patient orientation, and differences in resolution and contrast of the modalities can make it difficult for a clinician to mentally fuse all the image information accurately. For this reason, there has been considerable interest in using image registration techniques to transfer all the acquired image information into a common coordinate frame. Current medical image combination techniques aim to present the registered images to the clinician in a way that makes the fusion process easier.
Most medical image registration algorithms have been developed for use in the head, where accurate registration is clinically important, and because it is normally possible to assume that the rigid bone of the skull restricts the transformation to the six degrees of freedom of a rigid body (three translations and three rotations).
In this paper, we concentrate on the registration of MR and CT images of the head, using rigid body transformations. Several algorithms have been proposed to solve this problem. These techniques make use of equivalent image features (point landmarks [1] and surface matching [2, 3, 4] ), or voxel similarity measures [5, 6, 7] . The algorithms that match equivalent features almost invariably require some user interaction to identify these features, whereas the approaches based on purely voxel similarity can be fully automated. In addition features such as surfaces may not correspond to the same anatomical structure [4] and there may be significant inaccuracies in their location.
All the techniques cited above have been shown to work for whole head data. Many clinical images are, however, highly truncated, ie: only a small proportion of the head is imaged in one or both modalities. This is especially true of CT data, where the number of slices acquired is minimised in order to keep radiation dose to the patient low. To further reduce the radiation dose, it is common for some slices to be acquired with a larger slice spacing, and lower in-plane resolution. MR data can also be truncated, in order to keep imaging times to a minimum.
A clinically usable registration algorithm ideally needs to be fully automated and robust when used on typical clinically acquired data. We have implemented several voxel similarly measures and developed a simple and efficient multi-resolution approach to optimisation. We compare the way they perform when presented with clinical data in which one or both modalities is truncated.
Method

Voxel Similarity Measures
In this section we describe a number of similarity measures in terms of the 2D distribution or histogram of voxel intensities. Figure 3 provides an example MR and CT image from the same anatomical region of the same patient to illustrate the difference in intensities in each modality. 
CT Soft Tissue Correlation (measure (i))
These methods attempt to exploit the diagonal features present in the 2D histogram. Van den Elsen et al [7] proposed a number of modifications to direct cross correlation of MR and CT intensity. In these algorithms, ranges of CT intensities are remapped prior to calculation of the correlation coefficient. In this work we have used a triangular remapping over the region of CT intensities corresponding to the Hounsfield units for soft-tissue. Van den Elsen used a form of multi-resolution and multi-start exhaustive search to avoid the local optima. In our implementation we use the single start multi-resolution optimisation described in section 2.2. In addition we have used the correlation coefficient 7 (which is normalised with respect to the number of overlapping voxels) as a measure between the MR and modified CT rather than direct correlation:
Corresponding MR and CT Variance (measures (ii) and (iii))
These are based on a measure used by Woods [9] for the registration of segmented MR images of the brain to PET images. Hill proposed the minimisation of Corresponding MR variance for MR-CT registration in [5] (measure (ii)). It makes the assumption that, for a given CT intensity, the range of intensities of corresponding MR voxels is minimised at registration. This can be expressed as a weighted sum of normalised standard deviations of corresponding MR values. This assumes that, for a given CT intensity, there is a single corresponding MR intensity at registration.
G 'm =
The weighting ensures that the measure is influenced most strongly by MR variance for the most common CT values. For these tests we have compared both the minimisation of Corresponding MR variance and Corresponding CT variance (measure (iii)):
a' c =
Relative Entropy (measure (iv))
This measure, otherwise known as mutual information, is derived from an information theoretic approach to the dependence of one variable on another, when the precise functional form is unknown [8] . It has been independently applied to medical image data by Collignon [6] for tomographic image registration and by Viola [10] for projection image registration. It is based on the shared information or relative entropy between the overlapping regions in the two images, which at registration should be maxmimised. The mutual information between an MR image with intensity m and a CT image with intensity c defined for the 2D distribution is:
Calculation and Optimisation of Measures
To solve the rigid body registration problem we must find the transformation T which maps voxels in the MR volume to voxels within the CT volume. The data is generally sampled at different rates within plane and between plane. In addition sampling is usually not the same in MR and CT acquisitions. To simplify the registration problem we first resample all the data to lmm 3 voxels using voxel averaging for resolution reduction by the nearest integer factor and tri-linear intensity interpolation. A multi-resolution pyramid of these images is then produced using voxel averaging.
Given a transformation T mapping CT image c in volume V c to MR image m in volume V m , we must employ some form of interpolation to decide which CT value corresponds to a given MR value when evaluating a similarity measure M. We need to find the value of T such that for the measure M which is minimised at registration,
Choice of interpolation scheme and method of optimisation can both have a large effect on the computation time and robustness of the algorithm. Other approaches have used a variety of optimisation schemes including Powells Conjugate Gradient [6] , multi-resolution exhaustive searches [7] and the Genetic Algorithm [5] . For this work we have combined multi-resolution evaluation and computationally efficient nearest neighbour interpolation. For a starting estimate T o at a particular data resolution r; at level / in the pyramid, we evaluate a measure for a set of 13 transformations T{TQ, r/)-These are the current starting estimate and the starting estimate with increments and decrements of each of the 3 translations {±8t) and 3 rotations {±69) by a step size related to the data resolution r/ to avoid aliasing effects. We can look for a better estimate of the registration transformation Ti such that:
T6T(T 0 ,ri)
If T\ 7^ To then we can repeat the search with T{T X , ri) until no further improvement can be made. Selection of step size to create T(To, r/) based on r; is important. We start the optimisation at low data resolution with rj large and optimise removing large differences in registration. At a resolution r ( we set the translational step size 8t to r t and the rotational step size is determined by the transaxial field of view / and r; such that 56 -arctan(2r;//). Following optimisation at level I with sampling resolution r; we continue to optimise at this resolution but with a step size based on the resolution at the next level down in the pyramid n_i. When this is complete we proceed to level / -1. For all results presented here optimisations were initiated at a data sampling resolution of 16mm. In addition to the oct-tree resolutions of lmm, 2mm, 4mm, 8mm and 16mm, intermediate resolutions of 1.5mm, 3mm, 6mm and 12mm were also used (constructed by tri-linear interpolation from the next highest resolution).
Comparison of Measures
The data used for the tests consisted of five pairs of clinically acquired MR and CT images of the brain. The image pair for patient A was acquired for the planning of epilepsy surgery and B to E were used to plan the removal of skull base tumours. The MR images were all TI weighted Gadolinium enhanced 2D acquisitions except for patient A which was a 3D table 1 ). The CT image for patient A was synthesised by combining 11 slices acquired around the skull base and 17 slices acquired around the top of the head both with 512 x 512 pixel 3mm slices, with seven 256 x 256 6mm slices (which we tri-linear interpolated to 512 x 512 3mm slices) acquired through the centre of the skull.
The images were initially misregistered because of differences in patient orientation in the two scanners. All slices were nominally transaxial and were initially registered by manual identification of corresponding point landmarks providing an accuracy of between lmm and 2mm intracranially. These estimates are shown in table 2, where the X axis is the patient right-left, the Y axis from front to back and the Z axis feet to head. The main rotational difference occurs in the X axis (patient nodding) which is due to differences in head rest construction and CT targeting parameters used to avoid radiation dose to the eyes.
The five image pairs were registered using all four similarity measures. For the starting estimate the centre of the two datasets were co-located with no rotations. The registration solutions obtained using the similarity measures were assessed by comparison with the manual solutions and by visual inspection. No ground truth registration was available and in practice is very hard to obtain with sufficient accuracy. Visual inspection adequately demonstrates mis-registration of a voxel or greater perpendicular to tissue boundaries.
Differences in head restraints and patient positioning can cause deformation of soft tissue structures such as the ears and sub-cutaneous fat, both of which appear with high contrast in MR and CT. When the field of view is large only a small proportion of voxels are affected. When only a small axial volume is sampled, particularly when this is at the base of the skull, the proportion of deformed voxels can be much higher. In an extension of the algorithm V c in equation (2) Table 2 : Transformation parameters estimated by manual point landmark identification.
used. An expert visually inspected the results. The automatic solutions were indistinguishable one from another, but all were found to be more accurate than the manual solution.
Images for patient B produced comparable results with all but the corresponding MR variance measure. Comparison of the solution found with measures (i),(ii) and (iv) and manual estimates by visual inspection again showed that the automated algorithms produced a more accurate result. The solutions found for patient C using measures (ii), (iii) and (iv) were visually indistinguishable, and appeared more accurate than the solution found using manual registration as illustrated in figure 2 . The result using soft tissue correlation was appreciably less accurate. Applying further optimisation by reducing the step size for lmm? resolution data resulted in an estimate closer to that of the other three measures. This may indicate that a more complex registration parameter space is produced by this measure.
Results for patient D show three similar registrations from measures (i),(iii) and (iv), with a complete failure for the MR variance measure. Visual inspection of the results obtained using the successful measures shows a considerable improvement over that produced by manual registration. The interleaved multi-slice 2D spin echo MR sequence used for this patient contained motion artefact which probably contributed to a poor point based estimate.
The image set for patient E was the most severely truncated, with only a limited axial field of view targeted around a small acoustic neuroma in both the MR and CT images. Optimisation of measures (i) and (iii) failed to improve on the starting estimate. Both the relative entropy and corresponding MR variance produced results which were near to but noticeably worse than the solution found using manual registration. The images contained a considerable proportion of deformed external skin features as illustrated in figure 3 (right).
Intra-Cranial Image Registration
To remove the effects of the majority of skin surface deformations on the intra-cranial rigid body registration, the images from patient E were re-registered using a restricted axial volume as shown in figure 3 . All the similarity measures except the relative entropy measure produced poor results as shown in table 3. Final estimates for measures (i),(ii), and (iii) are pathological as optimisation was terminated when the overlap between datasets fell below a pre-set threshold of 40%. This seems to indicate that these measures were more dependent on the air/skin boundary for their registration estimate. Visibly the entropy result showed considerable improvement over the full volume registration parameters as can been seen in figure 4 . 
Conclusion
We have evaluated the performance of a variety of voxel similarity measures for the registration of MR and CT images of the head. In all cases we have used a simple and efficient multi-resolution gradient descent optimisation algorithm, with step size related to image resolution to avoid aliasing effects. We have confirmed that all these methods perform well when the images being registered have a large field of view, covering most of the head. Many clinically acquired images, however, have a limited field of view, and it is also common for a patient's CT scans to be composed of slices with different resolutions. We have found that the measures we are evaluating can be distinguished in terms of their ability to register the truncated datasets. The relative entropy algorithm was the only measure that successfully registered all the test datasets. Registration using voxel similarity measures has the advantage that all overlapping (or corresponding) image data is used in the computation of the optimisation measure. They are, therefore, less prone to data truncation, image noise, image artefact and small tissue deformations than surface based methods. The disadvantage of using all overlapping im- age data for registration is that regions of the patient that deform significantly (eg: the ear) can contribute to the registration solution, leading to inaccurate registration of rigid structures of interest. We have demonstrated that this problem can be overcome simply by excluding regions of the image that are likely to deform (eg: skin surface, mandible) from the calculation of the measure. This process does not require accurate segmentation. A further benefit of excluding some structures from the registration is that fewer voxels are used to calculate the measures, resulting in a reduced computational load.
To summarize we have shown that the relative entropy of the joint intensity feature space is an effective measure for voxel based registration in this application. Careful attention to sampling and a simple multi-resolution search provides a robust and efficient optimisation algorithm. The algorithm is robust to the truncation that results from poor sampling, and exclusion of deformable regions such as the skin surface. 
